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Abstract. This study investigated the spatial spillover effects of luxury housing during and after construction, in regards
to increases in housing prices in neighboring areas as well as the spatial dependence of neighboring housing. This study
focused on already completed luxury housing in Taipei, Taiwan. First, the nearest-neighbor matching approach of propen-
sity score matching was used to overcome the problem of data heterogeneity. The difference-in-differences (DD) method
and spatial econometrics were used for analysis. The empirical results indicated that the spatial error model had the best
goodness of fit. This indicated that housing prices increased by 13.0% during construction of luxury housing nearby. This
indicated that housing prices increased by 5.8% after the construction of luxury housing nearby. The empirical results
showed that the ongoing and completed construction of luxury housing had spillover effects on housing prices. The effect
of ongoing construction of luxury housing was particularly large in scope, indicating its role as a predictor of psychological
reaction in the market.
Keywords: luxury housing, propensity score matching, difference-in-differences, spatial dependence, spatial lag model,
spatial error model.
Introduction
With the improvement of living standards in Taiwan, 
housing now constitutes the highest expenditure with re-
spect to the basic necessities of life. In addition to consid-
ering affordability, transportation convenience, and loca-
tion when choosing housing, people have recently started 
pursuing high-standard, high-quality, high-profile, and 
high-priced housing.
In recent years, citizens of Taiwan have paid more 
attention to quality of life. This has led to the develop-
ment of a new type of housing, referred to in the market 
as luxury housing, derived from existing types of hous-
ing such as condominiums, studios, multi-story houses, 
and high-rise suites. Lin and Jou (2005) described typical 
luxury housing as housing with rare spatial resources such 
as beautiful landscapes and good locations, and character-
ized by a high total price, a large living space, good facili-
ties, and high prestige. According to the 15th provision of 
the “Property Price and Present Value Appraisal Criteria” 
as established by the Taipei City Revenue Service, build-
ings that are made from reinforced concrete or belong to 
a higher construction class are used for residential pur-
poses. Properties with a total value of over NT$80 mil-
lion, and a total registered area of ownership over 80 ping 
(1 ping is equal to 3.306 square meter) or a per apartment 
price of over NT$1 million per ping (excluding parking 
spaces), are defined as high-level housing or luxury hous-
ing. According to Wang (2008), luxury housing is a small 
market segment targeting upper class consumers; Wang 
suggested that such housing is showy by nature, and its 
target consumers are relatively homogeneous, which pro-
vides a cluster effect. Lin (2004) maintained that luxury 
housing has shaped a particular lifestyle for upper class 
society, and that it is not only local landmark, but also an 
indicator of wealth and ostentation.
Past studies on luxury housing have discussed histor-
ical development, purchase decision-making, integrated 
marketing, and positioning design of luxury housing 
(e.g. Lin & Jou, 2005; Ho, 2011; Wu, 2008; Chen, 2011). 
However, there is a lack of research regarding the effect 
of luxury housing on neighborhood housing prices.
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Ooi and Le (2013) suggested that newly constructed 
buildings can have external or spillover effects on neigh-
borhood housing, and these effects are positive in the case 
of luxury housing. According to Hsu (2005), individual 
housing needs can benefit from the “basking in reflected 
glory” (BIRG) phenomenon where the characteristics of 
the surrounding community help improve self-image; this 
involves location-, brand-, and quality-recognition, all of 
which promote the neighborhood effect of luxury housing. 
High-priced products such as luxury housing are likely to 
be surrounded by other expensive houses, whereas low-
cost houses are surrounded by other low-cost houses. This 
mutual effect of housing prices gives rise to the concept of 
spatial dependence, referred to as spatial autocorrelation. 
Under the BIRG and neighborhood effects, the high prices 
of luxury housing have spillover effects, raising neighbor-
hood housing prices.
This study examined whether luxury housing af-
fects housing prices in neighboring areas. The research 
field included 12 administrative districts of Taipei City. 
The difference-in-differences (DD) method was used to 
analyze the effect of luxury housing on housing prices in 
neighboring areas during (indicated by a building permit) 
and after (indicated by an occupancy permit) construc-
tion. Housing prices were evaluated using spatial econo-
metric analysis. It should be noted that the use of the DD 
method must account for the problem of heterogeneity 
between two sets of samples, which is often neglected by 
researchers. Rosenbaum and Rubin (1985) proposed the 
propensity score matching method (PSM) which over-
comes the problem of bias by increasing the homogeneity 
between the sample data in an experimental group and 
a control group. This study aimed (1) to investigate how, 
and to what degree, luxury housing affects housing prices 
in neighboring areas during and after its construction, 
and (2) to examine the differences in the effects of luxury 
housing on housing prices in neighboring areas during 
and after construction. This study used the DD method 
to analyze the influence of luxury housing on housing 
prices in neighboring areas within an experimental group 
and a control group. The traditional ordinary least squares 
(OLS) regression model and the spatial lag and spatial er-
ror models of spatial econometrics were used for evalu-
ation.
1. Literature review
In reality, housing prices can produce spatial cluster and 
spatial spillover effects. Areas with high-cost (or low-cost) 
housing can aggregate to form one area, as can areas with 
high (or low) consumption. Lin and Jou (2005) and Hsu 
(2005) suggested that the inhabitants of luxury housing 
come to a consensus in the pursuit of quality of life, which 
allows a certain level of pricing to be maintained within 
the community. Lin (2004) maintained that luxury hous-
ing has shaped a particular lifestyle for upper class soci-
ety, and that it is not only a local landmark, but also an 
indicator of wealth and ostentation. Consumers often view 
luxury housing as a symbol of wealth, thereby improving 
the effect and assessment of residential quality for neigh-
boring houses in the proximity of luxury housing. Chou 
(2012) suggested that in order to improve self-esteem, 
individuals associate themselves with successful people. 
Likewise, the perception of the value of luxury housing as 
a product signifying privilege, luxury, honor, and status 
gives residents of neighboring houses a stronger sense of 
identity and distinction. According to Wu (2010), high-
quality housing is a symbol of status, and communities 
with luxury housing are characterized by cluster and os-
tentation. Boen et al. (2002) also maintained that success-
ful groups evoke feelings of adoration and empathy in in-
dividuals and increase their self-esteem, motivating them 
to buy similar products to increase association.
Luxury housing normally has rare spatial resources 
such as beautiful landscapes and a good location. Its de-
signed streets and clean environment make it appearance-
oriented. Heil and Helsen (2001) suggested that better 
location is associated with higher housing prices. Such 
areas may also be unique due to their products. Bou-
rassa et  al. (2004) indicated that buildings with unique 
appearance can increase real estate prices in neighboring 
areas by 37% and that improved housing with unique ap-
pearances can increase real estate prices in neighboring 
areas by 27%, whereas real estate prices surrounded by 
lower-quality environments can decrease prices by 51%. 
François et al. (2002) found that in Quebec City, Canada, 
beautiful streetscapes could increase housing prices by 
4.4%. Bourassa et al. (2005) indicated that housing prices 
could increase if there were beautiful waterscapes or land-
scapes near the housing. Ooi and Le (2013) suggested that 
newly constructed buildings can have external effects on 
neighboring housing. Luxury housing has positive exter-
nal and spillover effects on housing in neighboring areas. 
The external effects produced by luxury housing make the 
neighboring environment more attractive, which increases 
housing prices in neighboring areas. Such external ben-
efits are referred to as neighborhood effects. Chen (2008) 
pointed out that although luxury housing is not a public 
facility, it has an effect similar to the benefits of a park. 
The external effects of parks provide advantages for neigh-
boring housing, producing spillover effects and increasing 
housing prices in neighboring areas. Using the Hedonic 
Pricing Method regression model, Tseng (2014) evaluated 
the capitalization effects associated with the neighborhood 
effects of luxury housing; the results indicated that the 
pricing of housing decreased by 0.4% each time its dis-
tance from luxury housing was increased by 100 meters, 
with an estimated impact range of approximately 2,000 
meters.
This study investigated the effect of luxury housing 
on housing prices in neighboring areas during and after 
its construction. The DD method was used for empirical 
analysis, as it was the most suitable method. With regard 
to past studies on DD, Tang and Yao (2012) evaluated the 
effect of the Olympics on real estate prices in Beijing. Bei-
jing, where the 2008 Summer Olympic Games were held, 
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was included in the experimental group, while other cities 
that have not hosted the Olympics were included in the 
control group. The results showed that factors relating to 
the Olympics resulted in a progressive increase and subse-
quent decrease of neighboring real estate prices, whereas 
in cities outside the influence of the Olympics, real estate 
prices changed in line with the economic cycle. Lee et al. 
(2018) examined the difference in housing prices within 
and outside the areas neighboring luxury housing. The 
experimental group included an area within 500 meters 
of luxury housing and the control group included areas 
outside this range. The results showed that luxury housing 
increased housing prices in neighboring areas. Kavetsos 
(2012) used the DD method to analyze changes in the 
prices of housing neighboring the Olympics sports venues 
in London before and after the event; the empirical results 
showed that housing prices in those areas increased by 
2.1−3.3%, reaching a significant level.
With regard to the effects of facilities such as public 
transport, schools, and parks on housing prices in neigh-
boring areas, the issue of spatial dependence caused by 
interdependence of housing prices is often not taken into 
account. Can (1990) used the Moran test and the Lagrange 
multiplier (LM) to test spatial autocorrelation of housing 
prices; the results indicated a clear presence of spatial de-
pendence in the error terms of housing price and better 
explanatory power of the spatial autoregression model 
with regard to housing prices as compared with the OLS 
regression model. Many studies, such as Can and Meg-
bolugbe (1997), Pace and Gilley (1997), Basu and Thibo-
deau (1998), Dubin et al. (1999), and Case et al. (2004), 
compared different spatial econometric models and the 
OLS model and found that spatial econometric analysis 
greatly improved the accuracy of housing price evalua-
tions by solving the error caused by spatial autocorrela-
tion. The findings of Bourassa et al. (2010) showed that 
the accuracy of housing price evaluation could be im-
proved by combining spatial econometric analysis and 
the sub-market as defined by the housing characteristic 
variable. Baltagi et al. (2015) analyzed the mutual effect of 
housing prices in neighboring areas based on data from 
2000−2007, and used 353 districts in England as the cri-
teria. The results showed that the spatial lag factor had 
a significant positive effect and could make neighboring 
houses rise or fall in price. This study integrated the DD 
method and a spatial econometric model to analyze the 
effect of spatial dependence.
2. Empirical model
This study first used the OLS method to estimate the 
benchmark DD model, followed by identifying the possi-
ble spatial dependence in housing prices, and then exam-
ining the spillover effects of the construction or comple-
tion of luxury housing on housing prices nearby through 
the use of the spatial error model (SEM) and the spatial 
lag model (SLM) used in spatial econometrics. Property 
attributes were arranged and analyzed using a geographic 
information system (GIS) and the spatial econometric 
analysis software Geoda.
This study primarily used the difference in differ-
ence (DD) approach to examine the causal effects be-
tween events. Even though this approach can eliminate 
the effects of unobservable factors on housing prices, the 
housing prices in this study were obtained through obser-
vations in lieu of experimental methods. Moreover, dif-
ferences are present in characteristic variables, and hous-
ing prices might not be influenced by the disclosure of 
information. In order to address this problem in sample 
heterogeneity, this study followed the recommendations 
of Imbens (2015) and used the propensity score match-
ing method (PSM) proposed by Rosenbaum and Rubin 
(1985). In PSM, matching is used to screen samples in the 
control group, thereby overcoming the problem of selec-
tion bias caused by heterogeneity in large sample sizes.
(1) Benchmark difference-in-difference method
This study analyzed spillover effects of luxury housing 
during and after its construction. Luxury housing that was 
being constructed was indicated by a construction license 
and luxury housing that had been already constructed 
was indicated by a usage license. With regard to deter-
mination of the experimental and control groups, Ellen 
et al. (2001) investigated housing in New York by using 
500 meter radius to distinguish between the research and 
control areas. Dempsey and Plantinga (2013) applied the 
DD method and used a 500 meter radius to distinguish 
between the experimental and control areas. Liang (2009) 
compared spillover effects of urban redevelopment proj-
ects and used a 500-meter radius to distinguish between 
the research and control areas. Lee et al. (2018) analyzed 
housing prices within the neighborhood range of luxury 
housing; the experimental group included houses within 
500 meters form luxury housing and the control group 
included houses outside this range. In this study, houses 
located within 500 meters from luxury housing were in-
cluded in the experimental group and those located out-
side this range were included in the control group. The 
benchmark empirical DD model is shown in equation (1):
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The dependent variable in this study was the logarithm 
of total housing price (InP) and the independent variables 
included building transfer area (AREA), house age (AGE), 
square of house age (AGES), residence floor (FLOOR), 
number of rooms (ROOM), number of living rooms 
(LIVROOM), number of bathrooms (BATH), housing 
type (TYPE), distance to the nearest MRT station (MRT), 
distance to nearest senior high school (HISC), distance to 
nearest junior high school (JUNI), distance to nearest pri-
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mary school (PRIM) and administrative district dummies 
(REG). The DD variables included TREAT, TIME, and 
TIME × TREAT. itε is error term, s′β  is the coefficient 
of each independent variable, and δ is the DD coefficient, 
which reflects the treatment effect of the construction or 
completion of luxury housing on housing prices nearby.
(2) Spatial difference-in-difference method
Dubin (1998) stated that the housing market requires a 
method that would accurately estimate housing prices. 
The OLS model does not consider spatial dependence of 
housing prices in neighboring areas. The spatial lag model 
differs from the OLS model in that it adds a neighborhood 
matrix of housing prices as an extra explanatory variable 
in order to analyze the effect of neighboring areas. Failure 
to consider this in the OLS model can lead to errors due 
to the omission of important variables. Case et al. (2004) 
compared spatial econometric analysis and the OLS model 
and found that spatial econometric analysis solves bias 
caused by the issue of spatial autocorrelation in evalua-
tion of housing prices. This study applied the DD method 
and developed a spatial lag model and spatial error model. 
Explanatory variables in the spatial lag model included the 
dependent variable of spatial lag. The concept of spatial 
lag is basically similar to the lag effect of preceding time 
on current time in the time series model. The statistical 
significance of the spatial lag coefficient of the dependent 
variable ρ was tested. The ρ ≠ 0 indicated spatial relations 
in neighboring areas in the autoregressive model. The spa-
tial lag model is shown in the equation (2):
Y WY X= ρ + β+ ε , (2)
where: Y is a vector formed by InP; X is the matrix formed 
by explanatory variables in the benchmark model (1); β 
is a corresponding coefficient vector; ε is an i.i.d. error 
vector; W is a row-standardized spatial Queen contiguity 
matrix; and ρ is the spatial lag coefficient.1 ρ ≠ 0 indicates 
the spatial dependence of housing prices, the spatial auto-
correlation of neighborhood housing prices, and, thus, a 
neighborhood effect. In order to examine the differences 
between housing prices in relation to space, this study 
used the SEM, as shown in equations (3) and (4):
Y X= β+ ε ; (3)
W uε = λ ε + . (4)
SEM conducts autocorrelation of an error term in the 
benchmark model. The error term ε in equation (3) may 
produce spatial dependence due to the presence of latent 
1 Gibbons et al. (2015) mentioned that contiguity and inverse 
distance weight matrix can be used to solve identification 
problems in spatial econometric models. Stata 15 also has 
built-in features for these two weight matrices. However, in the 
inverse distance matrix, a threshold distance (or bandwidth) 
beyond which there is no direct spatial influence between spa-
tial units must be selected beforehand. In order to avoid ar-
bitrariness caused by threshold selection, this study employed 
the queen contiguity weight matrix to check whether spatial 
units had a neighboring border (including vertex).
variables and is, therefore, no longer i.i.d. Correction in 
equation (4) uses spatial aggregation so that the final error 
term u is i.i.d. λ is the spatial autoregressive coefficient. 
λ ≠ 0 indicates the spatial dependence of the error term; 
housing prices may be affected by neighborhood housing 
prices, which causes spatial autocorrelation.
(3) Variable selection
The explanatory variables in this study included basic 
property attributes, administrative district properties, 
and DD properties. Basic property attributes included 
housing area (AREA), house age (AGE), square of house 
age (AGES), residence floor (FLOOR), number of rooms 
(ROOM), number of living rooms (LIVROOM), number 
of bathrooms (BATH), and housing type (TYPE). Taipei 
City has 12 administrative districts. We used Wanhua 
District as our basis of reference and set the other 11 dis-
tricts as dummy variables. DD properties included time 
of construction/usage license acquisition by luxury hous-
ing (TIME), neighboring and non-neighboring areas of 
luxury housing (TREAT), and the interaction variable 
of time of construction/usage license acquisition and 
neighboring and non-neighboring areas of luxury hous-
ing. Basic property attributes and administrative district 
properties were set according to the Hedonic Pricing 
Theory and were regarded as control variables in this 
study. The definitions and explanation of the variables 
are provided in Table 1.
The dependent variable in this study was the logarithm 
of total housing purchase price (InP). Past studies con-
ducted analysis using transaction item price or total price 
as the dependent variable. The estimation of transaction 
unit price allows us to avoid errors in price evaluation re-
sults caused by different size of real estate (McLean et al., 
2013; Tsoodle et al., 2006), while the estimation of total 
price allows us to effectively examine comprehensive data 
and the overall price of housing (Song & Knapp, 2003; 
Karl & Gareth, 2005). Dubé et al. (2014) suggested that 
logarithmized data related to dependent variables is closer 
to normal distribution in comparison to raw data; moreo-
ver, the conditional distribution of strictly positive vari-
able often are heteroskedastic or skewed, taking the log 
can mitigate both problem (Anglin & Gencay, 1996; Gib-
bons et al., 2013). The log-linear functional form does not 
only reduce data heterogeneity. In the case of non-linear 
functional forms, the law of diminishing marginal returns 
is also said to be demonstrated if the slope estimate has 
a negative value after the logarithmic transformation of 
a dependent variable. For example, So et al. (1997) men-
tioned that the log-linear functional form is rational and 
is the optimum option for evaluating non-linear models. 
Many studies used the logarithms of residential prices in 
their estimations (e.g. Dubé et al., 2013; Zietz et al., 2008; 
Cordera et al., 2019). As the evaluation results based on 
the logarithm of total housing transaction price corre-
sponded to those expected in this study, the logarithm 
of total housing transaction price was selected as the de-
pendent variable for analysis.
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Table 1. Variable explanation
Variable Code Definition of variables Expected sign
Dependant variable:
Housing price InP Logarithm of total housing transaction price. (Original 
measurement unit: New Taiwan Dollar, $NT)
Basic characteristic variables:
Building transfer area AREA Building transfer area based on housing transaction information, 
measured in ping. 1 ping is equal to 35.584 square feet ＋
House age AGE Time from the completion of house construction and acquisition 
of a construction/usage license until the transaction year, 
measure in years
－
Square of house age AGES This study used the square of house age in order to examine non-
linear changes of depreciation. ＋
Residence floor FLOOR Dummy variable; 1 indicates the first floor in transactions and 0 
indicates other floors ＋
Number of rooms ROOM Number of rooms in the building ＋
Number of living rooms LIVROOM Number of living rooms in the building ＋
Number of bathrooms BATH Number of bathrooms in the building ＋
Housing type TYPE Dummy variable; 1 indicates mansions and multistoried 
buildings and 0 indicates apartment houses ＋
Neighborhood characteristic:
Distance to the nearest MRT station MRT Distance to nearest metro station (meter, refers to the metro or 
subway) is a continuous variable －
Distance to nearest senior high 
school
HISC Distance to nearest senior high school (meter) is a continuous 
variable －
Distance to nearest junior high 
school
JUNI Distance to nearest junior high school (meter) is a continuous 
variable －
Distance to nearest primary school PRIM Distance to nearest primary school (meter) is a continuous 
variable －
Administrative district properties:
REG Taipei City has 12 administrative districts. Wanhua District, 
characterized by low housing prices, was set as a basis and 11 
dummy variables were established
＋/－
DD properties:
Time of construction/usage license 
acquisition by luxury housing
TIME Periods before and after a certain event were distinguished. The 
time of construction license acquisition was set as a dummy vari-
able. Time between January 1, 2008, and December 31, 2011, was 
investigated. Construction license acquisition by luxury housing 
between January and December 2010 was set as the differentia-
tion event. 1 indicated the period after construction license ac-
quisition, from January 1 to December 31, 2011; 0 indicated the 
period before construction license acquisition, from January 1, 
2008, to December 31, 2009. The time of usage license acquisi-
tion was set as a dummy variable. Time between January 1, 2010, 
and December 31, 2014, was investigated. Usage license acquisi-
tion by luxury housing between January and December 2012 was 
set as the differentiation event. 1 indicated the period after usage 
license acquisition, from January 1, 2013, to December 31, 2014; 
0 indicated the period before construction license acquisition, 
from January 1, 2010, to December 31, 2011.
＋
Areas neighboring and not 
neighboring with luxury housing
TREAT Set as a dummy variable to differentiate the experimental and 
control groups. 1 indicated houses located within 500 meters 
from luxury housing (experimental group) and 0 indicated 
houses outside this range (control group)
＋
Construction/usage license 
acquisition time × location in the 
neighborhood of luxury housing
TIME × 
TREAT
Interaction variable of the time of construction/usage license 
acquisition and location in the neighborhood of luxury housing. 
The coefficient of this interaction variable is the DD coefficient
＋
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such rare spatial resources as beautiful landscape and 
good location, in addition to having a high total price, 
large living space, good facilities, and high ratings. This 
housing type can direct the development of urban housing 
standards and marketing methods and has market indica-
tors and symbolic implications. The standards examined 
and approved by the Real Estate Assessment Committee of 
Taipei City include eight indicators of high-level housing, 
which are detached buildings, luxurious appearance, good 
district, beautiful landscape, small number of residents on 
each floor, parking space, strict safety requirements, and 
thorough management. The following conditions were 
revised and expanded based on the opinions of different 
social circles and specialists: (1) The total price of each 
apartment is NT$80 million and more. (2) Price per ping 
is NT$1 million and more and the area of each apartment 
is 80 ping and more. (3) At least 70% of apartments in 
each house meet the requirements described above. Defi-
nition of luxury housing by the Central Bank of Taiwan 
mainly refers to the basis of assessment provided in the 
Mansion Tax of Taipei City. The assessment range includes 
real estate for which the total price is NT$80 million or 
more in Taipei City and New Taipei City and real estate 
priced (total price) in the range of NT$50 million or more 
in other areas of Taiwan.
The official definition of a luxury housing was promul-
gated between 2011 and 2012, and during the period be-
tween 2008 and 2014 that this study covered, no amend-
ments were made to the official definition. This research 
adopted the DD method, in which the duration of a lux-
ury housing project was regarded as an event. This study 
aimed to understand the effects of the construction or the 
completion of luxury housing projects on nearby housing 
prices. Therefore, the changes in luxury housing prices in 
the market were not the focus of this study.
Taipei City is Taiwan’s political and economic cen-
ter with active commercial life. Therefore, compared to 
other areas, its housing transactions are characterized by 
less stability and its luxury housing market is more devel-
oped. Taipei City has the largest number of luxury houses 
in Taiwan. Having consumers from the top of the social 
pyramid, Taipei City has the highest luxury housing prices 
in Taiwan. The sky-high prices of real estate have brought 
about the preference toward luxury housing, larger living 
areas, apartments occupying the entire floor, emphasis on 
rare services and facilities, strict security, and open space 
and landscape (Lin & Jou, 2005). Expensive first-rate 
housing determines standards and marketing of urban 
housing overall. Therefore, luxury housing is often seen 
as having indicative and symbolic implication in the real 
estate market. Currently, most luxury housing circulates 
in Taipei City market and is divided into suburban and 
downtown housing. Three types of housing can be distin-
guished based on the year of its construction, the district 
it is located in, and housing type. The first type mainly 
includes unique suburban luxury housing located in Yang-
mingshan. The second type includes the first-generation 
The acquisition of a construction or usage license for 
luxury housing can affect housing prices in neighboring 
areas. Ooi and Le (2013) suggested that newly constructed 
multistoried buildings have positive or negative external 
and spillover effects on neighboring housing, whereas lux-
ury housing has positive external effects on neighboring 
housing. Luxury housing can increase real estate prices in 
neighboring areas during and after its construction. Due 
to clean and well-planned streets and unique appearance 
of luxury housing that is being or has been construct-
ed, the neighborhood attributes becomes more attrac-
tive, having a positive effect on neighboring areas. Chen 
(2008) suggested that the amenity benefit of urban parks 
is a characteristic property of housing prices that is ben-
eficial for surrounding houses, producing spillover effects 
on and increasing housing market prices, which results in 
the growth of housing prices in neighboring areas. This 
study expected that there would be a significant difference 
in the effect of luxury housing on housing prices before 
and after acquisition of a construction or usage license.
Buildings located within 500 meters from luxury hous-
ing were defined as being located in the neighboring areas of 
luxury housing. Houses within the luxury housing influence 
range were included in the experimental group and indicated 
as 1, while houses outside this range were included in the 
control group and indicated as 0. The effect of luxury hous-
ing on housing prices within and outside 500-meter range 
was investigated. Lee et al. (2018) examined the difference in 
housing prices within and outside the luxury housing range, 
determining areas within 500 meters from luxury housing 
as the experimental group and areas outside the 500-meter 
range as the control group. François et al. (2002) found that 
in Quebec City, Canada, beautiful streetscape can increase 
housing prices by 4.4%. This study predicted that there would 
be a significant difference between average housing prices in 
neighboring areas of luxury housing and other areas.
The DD coefficient in this study was the coefficient 
of the interaction variable of construction/usage license 
acquisition time and location in the neighborhood of lux-
ury housing (i.e. cross-multiplication of the two dummy 
variables). Luxury housing has a positive effect on hous-
ing prices in neighboring areas as it esthetically enhances 
the neighborhood attributes through its unique style and 
beautiful appearance. Tang and Yao (2012) investigated the 
effect of the Olympics on housing prices in Beijing; the re-
sults indicated that the Olympics increased housing prices 
in Beijing that were particularly high in the periods close 
to the opening of the Olympics. This study expected that 
housing prices would be positively affected by interaction 
between time of construction/usage license acquisition 
and location in the neighboring areas of luxury housing.
3. Data sources and descriptive statistics of the sample
3.1. Development of luxury housing in Taipei City
According to Lin and Jou (2005), high-level housing re-
ferred to as luxury housing in the market is housing with 
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downtown luxury housing constructed after the 1970s and 
mainly located on Dunhua Street and Ren’ai Street. The 
third type includes the second-generation downtown lux-
ury housing constructed in the late 1990s and mainly lo-
cated in the Xinyi Planning District (Zang, 2001). Luxury 
housing with water landscape located in Dazhi and Dawan 
areas can also be distinguished. Due to the instability in 
the real estate market activities as caused by high-price 
housing, on July 1, 2012, the Taipei Revenue Service in-
troduced a tax on high-level housing prices (the Mansion 
Tax) to suppress house price speculations.
The luxury housing cases investigated in this study 
mainly include downtown houses in Zhongzheng Dis-
trict, Songshan District, and Da’an District. All of them 
are characterized by good location, convenient transport, 
good neighborhood attributes, improved life conditions, 
unique building design, and value and potential.
3.2. Source of data
The housing transaction data in this study was obtained 
from the reports on Taiwan real estate transactions be-
tween January 1, 2008, and December 31, 2011 as pub-
lished by the real estate company Giga House; and the 
net price data from the period between January 2013 and 
December 2014 as provided by the Ministry of the Inte-
rior. In total, the sample included six-year data on hous-
ing transactions. This study extracted transaction data 
related to apartment houses and multistoried buildings. 
Other data included housing transaction prices, floor area, 
house age, and number of floors, thus, providing all nec-
essary data on property attributes. This study examined 
real estate in 12 administrative districts of Taipei City. 
However, the collected data was not entirely related to 
housing transactions. Therefore, this study excluded data 
not related to housing, for instance, transactions related to 
land, parking, kitchens, offices, buildings within buildings, 
and shops and incomplete data. Large differences between 
properties in different housing transactions resulted in 
outliers in housing transaction data due to assessment er-
ror. This study excluded 5% of the sample with the lowest 
and highest housing prices in each administrative district 
in order to prevent abnormal data from affecting statistical 
results. The final sample for empirical analysis included 
17,787 items. After propensity score matching, the num-
bers of obtained data points related to the initiation and 
completion of construction events were 5,124 and 7,647, 
respectively.
Furthermore, data was collected from the real estate 
transaction price inquiry website of the Ministry of the 
Interior, websites of public-works corporations, and other 
housing information websites.2 According to the provi-
2 The real estate transaction price inquiry website of the Min-
istry of the Interior, accessed on 1 June 2016, URL: http://lvr.
land.moi.gov.tw/homePage.action. HOUSEtube, accessed on 
1  June 2016, URL: http://deluxe.housetube.tw., accessed on 
1 June 2016, URL: http://www.park.com.tw/index.php.
sion 15 of the Directions Governing Property Transaction 
Standard Prices and the Evaluation of Housing Net Prices 
in Taipei City, luxury housing is characterized by detached 
buildings, luxurious appearance, good district, beautiful 
landscape, small number of residents on each floor, strict 
safety requirements, parking space, and thorough man-
agement. Reinforced concrete or higher-class material is 
used in the construction of such houses, which are used 
for residential purposes. Buildings with a total price if 
over NT$80 million per apartment, registered ownership 
of over 80 ping, and NT$1 million per ping (not including 
parking space) were defined as luxury housing.
In this study, five cases of luxury housing that obtained 
a construction license within 2010 and five cases that ob-
tained a usage license within 2012 were examined as re-
search cases. All the cases were in located in Zhonzheng 
District, Songshan District, or Da’an District. This study 
collected housing transaction data for the period between 
January 1, 2008, and December 31, 2014. The DD method 
requires the data to be broken down into data generated 
before and after the event. Therefore, this period was se-
lected to ensure integrity and consistency of data before 
and after the event.
The house price index in Taiwan from 2001 to 2014 is 
shown in Figure 1 (Lin, 2012). The figure shows that hous-
ing prices increased significantly due to the implementa-
tion of quantitative easing by central banks in response to 
the 2007 subprime mortgage crisis and 2008 global finan-
cial crisis. We can see that from 2008 to 2014, the growth 
rate of housing prices was over 85%. Housing prices in 
Taipei City also increased from 2008 to 2014. The reason 
behind this is that during this period, the lack of flexibil-
ity in the supply side had resulted in marginal differences 
in the existing housing supply compared to that in the 
past (Housing Statistics Data, Construction and Planning 
Agency, Ministry of the Interior. Link: https://www.cpami.
gov.tw/index.php?option=com_categorytable&view=cate
gorytable&categoryid=138&Itemid=129). On the supply 
side, however, in response to the unconventional mone-
tary policy of quantitative easing, the Central Bank of the 
Republic of China drastically reduced interest rate levels 
to close to zero. Under such conditions in which mortgage 
costs are extremely low, housing demands had surged dra-
matically, which resulted in surging housing prices.
After PSM treatment, the experimental and control 
groups were almost homogenous, indicating that the DD 
approach can eliminate the common variations and trends 
in both groups. Therefore, external changes around Taipei 
City have the same effects on the experimental and control 
groups, i.e. a common trend is present. In other words, 
external changes do not influence the impacts of luxury 
housing on the difference in housing prices between the 
two groups.
Figures 2 and 3 show the luxury housing cases in Tai-
pei City and their housing transactions during and after 
construction, respectively.
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3.3. Data processing
At fi rst, the housing characteristics observed in the experi-
mental and control groups were not completely the same. 
Th is led to the problem of selection bias, which cannot be 
eliminated completely through the diff erence in diff erence 
method. Th e matching method proposed by Rubin (1979) 
includes the analysis of a counterfactual framework analy-
sis3, where the samples with similar housing characteris-
tics in the experimental and control groups were matched, 
thus signifi cantly reducing the diff erences in characteristic 
variables between the two groups of samples. Th e match-
ing method off ers two advantages over conventional re-
gression analysis: (i) it introduces the benefi ts of rand-
omized experiments into observational studies; and (ii) it 
reduces the non-observable sensitivity of a model (Stuart 
& Rubin, 2008).
In the propensity score matching method (PSM) pro-
posed by Rosenbaum and Rubin (1985), during the match-
ing process, each housing characteristic variable was con-
verted into a probability, so as to predict if a house was 
located within the infl uence range of luxury housing and, 
thereby, overcome the problem of a reduced sample size 
caused by imposing multiple matching conditions for vari-
ables at the same time. Th e advantage of the PSM is that 
the experimental and control groups are or almost are bal-
anced in terms of matching conditions (Kuan & Lee, 2008). 
Th ere are various methods for calculating matched data. 
According to Morgan and Harding (2006), diff erent PSM 
matching methods generate diff erent estimates. Walls et al. 
(2017) suggested that the k-nearest neighbor matching ap-
proach can be used to control various non-observable vari-
ables in certain applications, as well as for eliminating the 
diff erences between these variables. Th erefore, we adopted 
the k-nearest neighbor matching approach proposed by 
Walls et  al. (2017), in which k is set as 1. Th en, a hous-
ing sample located beyond the infl uence range of luxury 
housing was matched with a sample located within the 
range, where a matched sample was determined as hav-
ing the least diff erence in propensity scores. In this study, 
the variables in the PSM included area (AREA), house 
age (AGE), number of rooms (ROOM), number of living 
rooms (LIVROOM) and bathrooms (BATH), housing type 
(TYPE), residence fl oor (FLOOR), distance to the nearest 
MRT station (MRT), distance to the nearest senior high 
school (HISC), distance to the nearest junior high school 
(JUNI) and distance to the nearest primary school (PRIM).
Aft er the matching process was completed, t-tests and 
chi-squared ( 2χ ) tests were then performed to evaluate 
the quality of the matches, validate if the matches were 
able to balance the distribution of variables in the two 
3 According to Kuan and Lee (2008), in a counterfactual frame-
work, there are two types of responses in each state  – the 
responses generated aft er experimental treatment, and the 
responses generated without experimental treatment. Hence, 
a counterfactual framework is also known as a potential out-
come model.
Figure 1. Sinyi House Price Index: Taiwan (source: Sinyi 
Research Center For Real Estate)
Figure 2. Luxury housing cases in Taipei City and housing 
transactions during construction
Figure 3. Luxury housing cases in Taipei City and housing 
transactions aft er construction
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groups of samples, and check if self-selection bias was 
effectively reduced. As shown in Table 2, before match-
ing, there were 352 samples in the experimental group 
and 6,940 samples in the control group, with significant 
differences being observed in terms of the number of 
rooms, number of living rooms, housing type, residence 
floor, distance to the nearest MRT station, distance to the 
nearest senior high school, and distance to the nearest 
junior high school. After matching, there were 352 sam-
ples in the experimental group and 4,772 samples in the 
control group, and in this case, significant differences in 
the variables were not observed, with the exception of 
the number of rooms and housing type. As shown in Ta-
ble 3, before matching, there were 542 samples in the ex-
perimental group and 9,953 samples in the control group, 
with significant differences being observed in terms of the 
number of rooms, number of living rooms, housing type, 
residence floor, distance to the nearest MRT station, dis-
tance to the nearest senior high school, and distance to the 
nearest junior high school. After matching, there were 541 
samples in the experimental group and 7,106 samples in 
the control group, and in this case, significant differences 
in the variables were not observed, with the exception of 
housing type.
Table 2. Differences in mean values between the experimental group and the control group during construction
Variable
Before matching After matching
Treated group
(N = 352)
Control group
(N= 6,940) t-value
Treated group
(N = 352)
Control group
(N= 4,772) t-value
AREA 30.501 31.614 −1.280 30.501 30.265 0.180
AGE 20.903 20.091 1.280 20.903 21.322 −0.460
ROOM 2.293 2.492 −3.940*** 2.293 2.452 −2.060**
LIVROOM 1.591 1.773 −7.010*** 1.591 1.625 −0.880
BATH 1.446 1.451 −0.150 1.446 1.477 −0.680
MRT 290.630 554.350 −11.160*** 290.630 275.740 1.320
HISC 402.650 676.610 −12.160*** 402.650 389.060 0.910
JUNI 475.090 529.020 −3.400*** 475.090 472.080 0.180
PRIM 390.430 377.690 1.160 390.430 387.770 0.220
Type Frequency Frequency χ2 Frequency Frequency χ2
MULTISTORIED 
BUILDINGS 274 4,674 16.91*** 274 3,431 5.78**
APARTMENT HOUSES 78 2,266 78 1,341
FLOOR Frequency Frequency χ2 Frequency Frequency χ2
FLOOR1 10 392 5.07** 10 200 1.52
NONFLOOR1 342 6,548 342 4,572
Note: ***, **, and * indicate that the coefficient reaches the 1%, 5%, and 10% level of significance, respectively; significantly different from 0.
Table 3. Differences in mean values between the experimental group and the control group after construction
Variable
Before matching After matching
Treated group
(N = 542)
Control group
(N = 9,953) t-value
Treated group
(N = 541)
Control group
(N = 7,106) t-value
AREA 34.824 33.692 1.730* 34.810 35.007 −0.220
AGE 26.329 24.157 4.300*** 26.286 26.618 −0.520
ROOM 2.602 2.668 −1.690* 2.604 2.649 −0.740
LIVROOM 1.840 1.799 1.990** 1.839 1.847 −0.240
BATH 1.630 1.611 0.740 1.629 1.647 −0.450
MRT 302.180 628.310 −15.890*** 302.340 302.040 0.030
HISC 507.980 725.530 −11.090*** 507.920 514.520 −0.340
JUNI 415.650 551.230 −9.770*** 416.190 408.900 0.580
PRIM 437.370 390.470 4.890*** 437.040 427.340 0.900
Type Frequency Frequency χ2 Frequency Frequency χ2
MULTISTORIED 
BUILDINGS 456 6,067 117.37*** 455 4,880 56.73***
APARTMENT HOUSES 86 3,886 86 2,226
FLOOR Frequency Frequency χ2 Frequency Frequency χ2
FLOOR1 32 789 2.92* 32 478 0.53
NONFLOOR1 510 9,164 509 6,628
Note: ***, **, and * indicate that the coefficient reaches the 1%, 5%, and 10% level of significance, respectively; significantly different from 0.
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3.4. Descriptive statistics of the data
The acquisition of a construction license was set as the event 
(Table 4). The average total price of housing (PRICE) was 
NT$1,439.89, with the standard deviation of NT$1,113.18. 
The average housing area (AREA) was 30.93 ping, with the 
standard deviation of 16.42 ping. The average house age 
(AGE) was 20.13 years, with the standard deviation of 11.82 
years. The mean value of the residence floor (FLOOR) was 
0.041, indicating that4.1% of house residents lived on the 1st 
floor and 95.9% lived on other floors. The mean value of the 
housing type (TYPE) was 0.723, indicating that multisto-
ried buildings and apartment houses accounted for 72.3% 
and 27.7% of the sample, respectively. The average number 
of rooms (ROOM) was 2.40, with the standard deviation 
of 0.95. The average number of living rooms (LIVROOM) 
was 1.70, with the standard deviation of 0.49. The average 
number of bathrooms (BATH) was 1.44, with the standard 
deviation of 0.58. The average distance to the nearest MRT 
station (MRT) was 357 meter, with the standard deviation 
of 200.04 meter. The average distance to nearest senior high 
school (HISC) was 495.42 meters, with the standard devia-
tion of 243.69 meters. The average distance to nearest junior 
high school (JUNI) was 486.83 meters, with the standard 
deviation of 232.19 meters. The average distance to nearest 
primary school (PRIM) was 373.09 meters, with the stand-
ard deviation of 173.44 meters.
The acquisition of a usage license was set as the event 
(Table 5). The average total price of housing (PRICE) was 
NT$1,892.83, with the standard deviation of NT$1,153.54. 
The average housing area (AREA) was 33.73 ping, with 
Table 4. Descriptive statistics: During construction – Construction license acquisition
Variable Mean Standard deviation Min. Max.
PRICE (ten thousand NT$) 1,439.89 1,113.18 44 23,100
AREA (ping) 30.93 16.42 2.14 174.43
AGE (year) 20.13 11.82 0.10 53.80
ROOM 2.40 0.95 1 5
LIVROOM 1.70 0.49 1 5
BATH 1.44 0.58 1 5
TMRT 357.00 200.04 3.40 1397.44
HISC 495.42 243.69 13.11 1561.37
JUNI 486.83 232.19 17.56 1613.65
PRIM 373.09 173.44 16.42 1148.42
Frequency Percent Cumulative percent
TYPE
MULTISTORIED BUILDINGS 3,705 72.31 72.31
APARTMENT HOUSES 1,419 27.69 100.00
FLOOR
FLOOR1 210 4.10 4.10
NONFLOOR1 4,914 95.90 100.00
Table 5. Descriptive statistics: After construction – Usage license acquisition
Variable Mean Standard deviation Min. Max.
PRICE (ten thousand NT$) 1,892.83 1,153.54 217 33300
AREA (ping) 33.73 15.06 7.85 312
AGE (year) 24.61 11.51 0.1 55
ROOM 2.62 0.90 1 9
LIVROOM 1.80 0.47 1 8
BATH 1.60 0.59 1 8
MRT 415.77 229.40 2.46 1572.23
HISC 607.72 395.44 14.36 3617.10
JUNI 469.33 239.28 15.79 1561.37
PRIM 388.40 184.45 19.158 1334.04
Frequency Percent Cumulative percent
TYPE
MULTISTORIED BUILDINGS 5,335 69.77 69.77
APARTMENT HOUSES 2,312 30.23 100.00
FLOOR
FLOOR1 510 6.67 6.67
NONFLOOR1 7,137 93.33 100.00
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the standard deviation of 15.06 ping. The average house 
age (AREA) was 24.61 years, with the standard devia-
tion of 11.51 years. The mean value of the residence floor 
(FLOOR) was 0.068, indicating that 6.8% of house resi-
dents lived on the 1st floor and 93.2% lived on other floors. 
The mean value of the housing type (TYPE) was 0.698, in-
dicating that multistoried buildings and apartment houses 
accounted for 69.8% and 30.2% of the sample, respectively. 
The average number of rooms (ROOM) was 2.62, with the 
standard deviation of 0.90. The average number of living 
rooms (LIVROOM) was 1.80, with the standard devia-
tion of 0.47. The average number of bathrooms (BATH) 
was 1.60, with the standard deviation of 0.59. The average 
distance to the nearest MRT station (MRT) was 415.77 
meter, with the standard deviation of 229.40 meter. The 
average distance to nearest senior high school (HISC) was 
607.72 meters, with the standard deviation of 395.44 me-
ters. The average distance to nearest junior high school 
(JUNI) was 469.33 meters, with the standard deviation of 
239.28 meters. The average distance to nearest primary 
school (PRIM) was 388.40 meters, with the standard de-
viation of 184.45 meters.
4. Empirical results
This study investigated the effect of luxury housing on 
housing prices in neighboring areas during (indicated 
by a construction license) and after (indicated by a us-
age license) its construction. The spatial concepts were 
integrated into the regression model in order to solve the 
issues of spatial heterogeneity and spatial autocorrelation 
in the traditional OLS model. As shown in Table 6, Mo-
ran’s I reached the 1% level of significance both during 
and after construction, indicating the presence of positive 
autocorrelation and spatial clustering in housing prices in 
areas neighboring with luxury housing. Housing prices in 
administrative districts showed positive autocorrelation. 
The spatial dependence test was further used to determine 
which spatial model had the best explanatory power. Both 
LM-lag and LM-error reached the 1% level of significance. 
Both Robust LM-lag and Robust LM-error reached the 1% 
level of significance. Thus, the residuals differed in terms 
of heterogeneity. The results of the spatial lag model and 
spatial error model were further compared.
(1) During construction
Table  7 shows the results of evaluating the period after 
construction using the three models (OLS, SLM, SEM). 
The Breusch-Pagan test was used to determine heterosce-
dasticity of residuals. Its values in the three models were 
1483.72, 1436.74, and 1523.74, reaching the 1% level of 
significance. The value in the spatial error model was 
the highest, indicating heteroscedasticity of its residuals. 
R2 was equal to 0.797, 0.807, and 0.813; the spatial er-
ror model showed the highest explanatory power. Smaller 
AIC and SC values indicate better goodness of fit. AIC was 
equal to 1948.61, 1708.89, and 1642.35 and SC was equal 
to 2125.23, 1892.06, and 1818.97. The larger log likelihood 
values indicate better goodness of fit. The log likelihood 
values of the models were −947.30, −826.45, and −794.17, 
indicating that the spatial lag model and spatial error 
model had better goodness of fit. The results described 
above showed that the spatial error model was better than 
the traditional OLS regression model and spatial lag mod-
el. The evaluation results show that the spatial error model 
had the best goodness of fit. The results of the spatial error 
model are discussed further.
With regard to property attributes, the building trans-
fer area coefficient was 0.022, reaching the 1% level of sig-
nificance, which indicated that the housing price increased 
by 2.2% with each additional ping of the building transfer 
area. The house age coefficient was −0.013, reaching the 
1% level of significance. The coefficient of the square of 
house age was 0.001, reaching the 1% level of significance, 
which indicated prices of older housing were lower and 
such decrease in prices was decreased. The residence floor 
coefficient was 0.129, reaching the 1% level of significance, 
which indicated that the prices of housing located on the 
first floor were 12.9% higher than that on other floors. The 
coefficient of the number of rooms was 0.086, reaching the 
1% level of significance, which indicated that the hous-
ing price increased by 8.6% with each additional room. 
The coefficient of the number of living rooms was 0.173, 
reaching the 1% level of significance, which indicated that 
the housing price increased by 17.3% with each additional 
living room. The coefficient of the number of bathrooms 
was 0.083, reaching the 1% level of significance, which 
indicated that the housing price increased by 8.3% with 
each additional bathroom. The housing type coefficient 
Table 6. Spatial dependence during and after construction of luxury housing
Test
During construction After construction
MI/DF Z(I) value MI/DF Z(I) value
Moran’s I 0.1381*** 21.626 0.2078*** 34.996
LM-lag 1 289.411*** 1 848.676***
LM-error 1 57.076*** 1 95.030***
Robust LM-lag 1 435.721*** 1 1183.005***
Robust LM-error 1 203.386*** 1 429.358***
Note: MI/DF indicate Moran’s I and degrees of freedom. ***, **, and * indicate that the coefficient reaches the 1%, 5%, and 10% level of significance, 
respectively; significantly different from 0.
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Table 7. Empirical results for the period during construction and after construction of luxury housing
During construction (N = 5124) After construction (N = 7647)
OLS Spatial lag model
Spatial error 
model OLS
Spatial lag 
model
Spatial error 
model
Independent variable coefficient
(S.E.)
coefficient
(S.E.)
coefficient
(S.E.)
coefficient
(S.E.)
coefficient
(S.E.)
coefficient
(S.E.)
Intercept 5.260***
(0.035)
3.914***
(0.091)
5.267***
(0.047)
6.010***
(0.029)
3.958***
(0.082)
6.055***
(0.042)
AREA 0.023***
(0.001)
0.022***
(0.001)
0.022***
(0.001)
0.018***
(0.001)
0.017***
(0.001)
0.017***
(0.001)
AGE −0.013***
(0.001)
−0.013***
(0.001)
−0.013***
(0.001)
−0.004***
(0.001)
−0.004***
(0.001)
−0.004***
(0.001)
AGES 0.001***
(0.001)
0.001***
(0.001)
0.001***
(0.001)
0.001***
(0.001)
0.001***
(0.001)
0.001***
(0.001)
FLOOR 0.124***
(0.021)
0.126***
(0.020)
0.129***
(0.020)
0.221***
(0.013)
0.219***
(0.012)
0.221***
(0.012)
ROOM 0.085***
(0.007)
0.085***
(0.007)
0.086***
(0.007)
0.082***
(0.005)
0.078***
(0.005)
0.081***
(0.005)
LIVROOM 0.167***
(0.012)
0.166***
(0.011)
0.173***
(0.011)
0.097***
(0.008)
0.088***
(0.008)
0.092***
(0.008)
BATH 0.087***
(0.010)
0.085***
(0.010)
0.083***
(0.010)
0.018**
(0.007)
0.017***
(0.007)
0.019***
(0.007)
TYPE 0.068***
(0.012)
0.073***
(0.012)
0.069***
(0.012)
0.272***
(0.008)
0.255***
(0.008)
0.289***
(0.008)
Location fixed effects yes yes yes yes yes yes
TIME 0.427***
(0.009)
0.427***
(0.009)
0.430***
(0.009)
0.218***
(0.008)
0.211***
(0.007)
0.228***
(0.007)
TREAT 0.021
(0.024)
0.012
(0.023)
0.003
(0.029)
0.050**
(0.021)
0.014
(0.020)
0.027
(0.026)
DD 0.146***
(0.033)
0.132***
(0.032)
0.130***
(0.032)
0.050*
(0.026)
0.053**
(0.024)
0.058**
(0.025)
MRT −0.001***
(0.001)
−0.001***
(0.001)
−0.001***
(0.001)
−0.001***
(0.001)
−0.001***
(0.001)
−0.001***
(0.001)
HISC 0.001
(0.001)
0.001
(0.001)
0.001
(0.001)
0.001
(0.001)
−0.001
(0.001)
−0.001
(0.001)
JUNI 0.001
(0.001)
−0.001
(0.001)
−0.001
(0.001)
0.001
(0.001)
−0.001
(0.001)
0.001
(0.001)
PRIM −0.001
(0.001)
v0.001
(0.001)
−0.001
(0.001)
−0.001***
(0.001)
−0.001***
(0.001)
−0.001***
(0.001)
Spatial Lag(ρ) − 0.205***
(0.0130)
− − 0.298***
(0.011)
−
Lambda(λ) − − 0.406***
(0.022)
− − 0.472***
(0.016)
Breusch-Pagan 1483.72*** 1436.74*** 1523.74*** 8491.93*** 7766.88*** 8929.17***
Log Likelihood −947.30 −826.45 −794.17 −1140.42 −803.25 −729.85
SC 2125.23 1892.06 1818.97 2522.28 1856.87 1701.13
AIC 1948.61 1708.89 1642.35 2334.85 1662.49 1513.69
R2 0.797 0.807 0.813 0.719 0.746 0.757
Note: The estimated coefficient value are non-standardized. ***, **, and * indicate that the coefficient reaches the 1%, 5%, and 10% level of significance, 
respectively; significantly different from 0.
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evaluation of data related to the period during construc-
tion. Thus, these results are not further described here. 
With regard to neighborhood characteristics, the coef-
ficient of the distance to the nearest MRT station was 
−0.001, indicating a 1% level of significance, and the coef-
ficient of the distance to the nearest primary school was 
–0.001, indicating a 1% level of significance.
With regard to DD properties, the estimated coef-
ficients of the construction license acquisition time for 
the three models were 0.218, 0.211, and 0.228, reaching 
the 1% level of significance, which indicated that housing 
prices were 21.8%, 21.1%, and 22.8% higher after acqui-
sition of a construction license by luxury housing than 
before. The estimated coefficients of location in the neigh-
boring area were 0.050, 0.014, and 0.027; the coefficient in 
the OLS model reached the 5% level of significance and 
the coefficients in the spatial lag model and spatial error 
model have not reached the 10% level of significance. 
The estimated coefficients of the interaction variable of 
construction license acquisition time and location in the 
neighboring area were 0.050, 0.053, and 0.058, reaching 
the level of significance. The DD estimated coefficients 
were 5.0%, 5.3%, and 5.8%.
In the spatial error model, the spatial error coefficient 
(λ) was 0.472, reaching the 1% level of significance, which 
indicated that interference factors in error terms caused 
spatial autocorrelation. In the spatial lag model, the spatial 
lag coefficient (ρ) was 0.298, reaching the 1% level of sig-
nificance, which indicated that there was spatial depend-
ence between neighboring areas and housing prices were 
affected by neighboring housing prices.
5. Discussion
The empirical results regarding basic property attributes 
indicated that the building transfer area had a significant 
positive effect on housing prices, which corresponded to 
the findings of Frew and Judd (2003), Martins-Filho and 
Bin (2005), and Abbott and Klaiber (2011). This indi-
cated that prices of housing with larger area are higher. 
House age was found to have a significant and negative 
effect on housing prices, which corresponded to the re-
sults reported by Glasock et al. (2000), Osland (2010), and 
Bin and Landry (2013). With time, housing material and 
facilities become older, which reduces the housing price. 
The square of house age was found to significantly and 
positively affect housing prices, which corresponded to the 
results reported by Malpezzi et  al. (1987), Geltner et  al. 
(2010), and Bin and Landry (2013). The house age variable 
can have non-linear changes and, thus, the square of house 
age was added that was found to have a significant positive 
effect on housing prices. The number of rooms was found 
to significantly and positively affect housing prices, which 
corresponded to the results reported by McMillen and 
Redfearn (2010) and Paredes and Iturra (2013). A larger 
number of rooms was found to result in higher housing 
prices. The numbers of living rooms and bathrooms were 
found to significantly and positively affect housing prices, 
was 0.069, reaching the 1% level of significance, which 
indicated that the housing prices in multistoried buildings 
and mansions were 6.9% higher than those in apartment 
houses. With regard to neighborhood characteristics, the 
coefficient of the distance to the nearest MRT station was 
−0.001, indicating a 1% level of significance. The three 
coefficients of the distance to the nearest school did not 
attain the level of significance.
With regard to DD properties, the estimated coef-
ficients of the construction license acquisition time for 
the three models were 0.427, 0.427, and 0.430, reaching 
the 1% level of significance, which indicated that hous-
ing prices were 42.7%, 42.7%, and 43.0% higher after the 
acquisition of a construction license by luxury housing 
than before. The estimated coefficients of location in the 
neighboring area were 0.021, 0.012, and 0.003, and did 
not reach the 1% level of significance, indicating that there 
was no significant difference between housing prices in 
areas neighboring and not neighboring with luxury hous-
ing. The estimated coefficients of the interaction variable 
of construction license acquisition time and location in 
the neighboring area were 0.146, 0.132, and 0.130, reach-
ing the 1% level of significance. The DD estimated coef-
ficients were 14.6%, 13.2%, and 13.0%. This indicated that 
the average difference in housing prices in areas neigh-
boring and not neighboring luxury housing was 14.6%, 
13.2%, and 13.0% during construction of luxury housing.
In the spatial error model, the spatial error coefficient 
(λ) was 0.406, reaching the 1% level of significance, which 
indicated that interference factors in error terms caused 
spatial autocorrelation. In the spatial lag model, the spa-
tial lag coefficient (ρ) was 0.205, reaching the 1% level 
of significance, which indicated that housing prices were 
affected by neighboring housing prices.
(2) After construction
The results of three models regarding the period after the 
completion of luxury housing construction are discussed 
further. The Breusch-Pagan test was used to determine 
heteroscedasticity of residuals. Its values in three models 
were 8491.93, 7766.88, and 8929.17, reaching the 1% level 
of significance. The value in the spatial error model was 
the highest, indicating heteroscedasticity of its residuals. 
R2 was equal to 0.719, 0.746, and 0.757; the spatial error 
model showed the highest explanatory power. AIC was 
equal to 2334.85, 1662.49, and 1513.69 and SC was equal 
to 2522.28, 1856.87, and 1701.13. The log likelihood val-
ues of the models were −1140.42, −803.25, and −729.85, 
indicating that the bias could not be solved in the OLS 
regression model but could be solved in the spatial lag 
model and spatial error model. The results showed that 
the spatial error model was better than the traditional 
OLS regression model and spatial lag model. The evalu-
ation results show that the spatial error model had the 
best goodness of fit. The results of the spatial error model 
are discussed further. With regard to property attributes, 
the results showed that the estimated coefficients and their 
significance levels were similar to those observed in the 
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which corresponded to the results reported by Huang 
et al. (2010), Anselin and Lozano-Gracia (2008), McMil-
len and Redfearn (2010), and Baltagi and Bresson (2011). 
The numbers of living rooms and bathrooms were found 
to be a basic requirement of housing, making it more con-
venient. The residence floor coefficient was found to have 
a significant positive effect on housing prices, which cor-
responded to the results reported by Hong and Lin (1999) 
and Lin (2004). Properties located on the first floor are 
usually used for commerce and their price is relatively 
high, thus, increasing housing prices. The housing type 
significantly and positively affected housing prices, indi-
cating that housing prices in multistoried buildings and 
mansions were higher than those in apartment houses. 
These results corresponded to findings of Chang et  al. 
(2008) and Lin and Ma (2012), indicating that mansion 
costs are normally higher than those of apartment houses.
With regard to the DD properties, the interaction vari-
able of construction license acquisition time and location 
in the neighboring area had a significant positive effect 
on housing prices and its estimated coefficient was equal 
0.130. This indicated that after the acquisition of a con-
struction license by luxury housing, housing prices are 
significantly and positively affected within the influence 
range of luxury housing. The results showed that in this 
case, housing prices in neighboring areas of luxury hous-
ing increased by 13.0%.
According to the results regarding the period after the 
completion of luxury housing construction, the interac-
tion variable of usage license acquisition time and loca-
tion in the neighboring area significantly and positively 
affected housing prices and its estimated coefficient was 
0.058. This indicated that after the acquisition of a us-
age license by luxury housing, housing prices are signifi-
cantly and positively affected within the influence range 
of luxury housing. After the completion of construction, 
the housing prices in neighboring areas of luxury housing 
increased by 5.8%. Thus, the external effects of completed 
luxury housing significantly and positively affected hous-
ing prices in the surrounding areas. Boyle and Kiel (2001) 
found that external environmental effects (such factors in-
clude air quality, water quality, and bad-land use in near-
by areas) can affect housing prices. François et al. (2002) 
found that in Quebec City, Canada, beautiful streetscape 
could increase housing prices by 4.4%. In addition to the 
external effects of housing, Hsu (2005) suggested that 
individual housing needs can also increase the BIRG 
phenomenon due to surrounding community character-
istics; this involves location-, brand-, and quality-related 
cognition dimensions, all of which produce the neighbor-
hood effect of luxury housing. The results corresponded 
to those reported by Ooi and Le (2013), François et  al. 
(2002), Tang and Yao (2012), and Lee et al. (2018), that 
is, new constructions in neighboring areas are attractive 
and produce a positive effect. For example, the Olympics 
increased housing prices in Beijing that were particularly 
high in the periods close to the opening of the Olympics. 
The unique appearance and street design of luxury hous-
ing make the surrounding streets and environment more 
beautiful, improving the quality of the neighborhood. 
The DD coefficients were 15.0% and 5.8%, indicating that 
housing prices in the neighboring areas changed greatly, 
being affected by the psychological reaction to newly con-
structed luxury housing.
With regard to spatial econometric analysis, with the 
luxury housing construction set as the event, the spatial 
error coefficient (λ) was 0.406, reaching the 1% level of 
significance. The spatial lag coefficient (ρ) was 0.205, 
reaching the 1% level of significance. With the completion 
of luxury housing construction set as the event, the spa-
tial error coefficient (λ) was 0.472, reaching the 1% level 
of significance. The spatial lag coefficient (ρ) was 0.298, 
reaching the 1% level of significance. Similar to studies 
by Lee et  al. (2014), Chalermpong and Wattana (2010), 
and Basu and Thibodeau (1998), this study examined the 
presence of autocorrelation in housing prices and model 
error terms. The results showed spatial autocorrelation 
was present between housing market prices. This indicated 
that housing prices could be affected by neighboring hous-
ing prices. These results were as predicted. Baltagi et al. 
(2015) maintained that spatial phenomena are not inde-
pendent and there is cluster or spillover spatial autocor-
relation between neighboring spatial units. The significant 
and positive effect of the spatial lag coefficient indicated 
that housing prices can increase under the effect of neigh-
boring housing prices.
This study integrated the estimated coefficients into 
the DD estimation chart developed by Hill et al. (2012), 
which indicated changes in housing prices in areas neigh-
boring and not neighboring luxury housing during (in-
dicated by a construction license) and after (indicated by 
a usage license) the construction of luxury housing (Fig-
ures 4 and 5).
Figure 4 shows the differences in housing prices be-
fore and after the luxury housing construction began. 
The results showed that before construction began, the 
coefficient was 5.270 in the areas within 500 meters from 
luxury housing (experimental group) and 5.267 in the ar-
eas outside this range (control group). The coefficient δ 
Blue line: control group, Red line: experimental group, Dashed line: 
experimental group’s original tendency
Figure 4. Difference-in-differences estimation results: 
Beginning of luxury housing construction as the  
differentiation point
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after construction began was 5.830 in the areas within 500 
meters from luxury housing (experimental group) and 
5.697 in the areas outside this range (control group). After 
deducting the experimental group’s original tendency of 
0.003, the difference in prices before and after construc-
tion of luxury housing began was 0.130.
Figure 5 shows the differences in housing prices before 
and after the construction of luxury housing was com-
pleted. The results showed that before construction was 
completed, the coefficient was 6.082 in the areas within 
500 meters from luxury housing (experimental group) 
and 6.055 in the areas outside this range (control group). 
The coefficient δ after construction was completed was 
6.368 in the areas within 500 meters from luxury housing 
(experimental group) and 6.283 in the areas outside this 
range (control group). After deducting the experimental 
group’s original tendency of 0.027, the difference in prices 
before and after construction of luxury housing was com-
pleted was 0.058.
This study used the DD method to estimate prices. 
The estimated coefficient were brought into ( )100 1 %eδ −  
(Hill et  al., 2012). The obtained values were multiplied 
by the mean value of housing prices in the sample to 
calculate the actual changes in housing prices. The dif-
ference in housing prices between the control group and 
experimental group after the acquisition of a construc-
tion license was NT$1,999,000. After the acquisition of a 
usage license by luxury housing, the difference in hous-
ing prices between the control group and experimental 
group was NT$1,130,300.
Conclusion and suggestions
Few studies have studied the effects of luxury housing 
events on housing prices nearby. Most have investigated 
the effects of large-scale public infrastructure development 
projects or large-scale housing development projects on 
housing prices nearby. Recently, Lee et al. (2018) investi-
gated the effects of the announcement and the completion 
of luxury housing on nearby housing prices by adopting 
the DD approach for estimation.
This study integrated the DD method and spatial 
econometric analysis to examine the effect of differences 
before and after the event and in spatial location on hous-
ing prices. The OLS model does not consider spatial auto-
correlation of neighboring housing prices. Therefore, the 
spatial lag model and spatial error model were used in 
order to improve bias that can be produced in the tradi-
tional OLS regression model and provide more accurate 
estimation results. The results of the spatial lag model of 
the effects during and after the construction of luxury 
housing indicated spatial correlation of neighboring hous-
ing prices. This corresponded to the conclusion made by 
Chalermpong and Wattana (2010).
This study investigated the effect of luxury housing on 
housing prices in neighboring areas during and after its 
construction. Apart from the main building, luxury housing 
focuses on street design and planning, which improves the 
quality of the neighborhood attributes and makes the area 
more beautiful; the quality of the neighborhood attributes 
improves due to increased amenity benefit. Higher prices 
of luxury housing cause spatial spillovers into and increase 
housing prices in neighboring areas. The results in this 
study showed that after the construction of luxury hous-
ing began, housing prices per ping in the neighboring areas 
increased by 15.3%, indicating that luxury housing had a 
positive effect on housing prices within its influence range. 
After the construction of luxury housing was completed, 
housing prices per ping in the neighboring areas increased 
by 8.3%, indicating the positive spillover effects of luxury 
housing both during and after its construction. Kavetsos 
(2012) and Ooi and Le (2013) found that new constructions 
positively affect a neighboring area, making it more attrac-
tive, improving the quality of neighborhood attributes, and 
increasing housing prices in the neighboring areas.
This study revealed that luxury housing has positive 
external effects or spillover effects on housing prices near-
by. Next, as buyers have their own requirements for their 
houses, they would use the characteristics of surrounding 
groups to enhance the basking in reflected glory phenom-
enon (BIRG) of their self-image, such as location aware-
ness, brand awareness, quality awareness, etc., which all 
reflect the neighborhood effects of luxury housing. In ad-
dition, the effects of the construction of luxury housing 
on housing prices nearby was significantly greater than 
that of their completion, which highlights the anticipatory 
response in the market.
The limitations of this study were related to data pro-
cessing. In this study, only the recent linear distance be-
tween sample cases and luxury housing was estimated; 
however, it did not consider the actual geographic envi-
ronment and urban street planning. These issues can be 
taken into account in future studies in order to estimate 
housing prices using more accurate methods that can bet-
ter account for actual environments. With regard to the 
DD method, this study distinguished the experimental 
group and control group using a radius of 500 meters. 
Future studies can set different ranges and further analyze 
the effect of different distances on housing prices.
Blue line: control group, Red line: experimental group, Dashed line: 
experimental group’s original tendency
Figure 5. Difference-in-differences estimation results: 
Completion of luxury housing construction as the 
differentiation point
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